INTRODUCTION
Tremendous progress has been made in recent years in the use of species assemblages as proxy indicators for the magnitude of past environmental and climatic change. In particular transfer functions have been developed by modelling the response of modern plant or animal assemblages, preserved in surface-sediment calibration sets, to contemporary environmental gradients (see reviews by Birks 1995 Birks , 1998 Charles & Smol 1994; Smol & Cumming 2000) . These methods derive from the transfer-function methodology first developed by Imbrie & Kipp (1971) in the analysis of the population of species of various fossil groups, including foraminifera, radiolaria, coccoliths and diatoms. A vast body of literature has accumulated concerning the palaeolimnological and palaeoceanographic (cf. Kucera et al., 2005) value of microfossils in assessing environmental changes, including those of palaeotemperature, nutrient concentration, productivity, palaeosalinity and pH. Numerical techniques and taxonomic resolution have considerably improved, and large calibration, or training data, sets have been developed. Despite the great advances, improvements are still needed. For example, in Broecker's estimation, temperatures that are accurate to 0.5 °C are needed when trying to reconstruct century-long Holocene temperature fluctuations, but few proxies approach that accuracy (Broecker 2001) . Some improvements have taken place in the accuracy of the transfer functions since the publication of the Broecker (2001) paper. For example there are now transfer models based on floral and faunal remains that, at least theoretically, operate within error estimates of ±0.6-0.8°C (e.g., Korhola et al. 2002; Seppä & Birks 2001; Pla & Catalan 2005) . Nevertheless improving lake-sediment-based methodologies, in order to provide the potential for climate reconstruction work within the error bounds set out by Broecker (2001) remains a challenge. It is in the spirit of striving to improve, or to enhance, current methodologies that our multigroup work has been undertaken.
Palaeolimnological data-modelling tools currently consist of numerical methods for deriving transfer func-tions from a modern training set of microfossils and an associated dataset of environmental variables. Individual taxonomic groups are matched to individual predictor variables. Improvements to inference models based on multigroup analysis would have a wide applicability in palaeolimnological studies throughout the world and to other disciplines such as palaeoceanography. Kucera et al. (2005) in their studies of ocean-sediment cores, for example, address "the challenge that the compilation of a unique multi-proxy" reconstruction currently presents, and deliberate on "possible strategies to do so", given that palaeo-reconstructions of the ocean-surface environment are currently "only feasible on a singleproxy basis". Similarly Charles & Smol (1988) "recommend that …both chrysophytes and diatoms be analyzed in paleolimnological studies… to quantitatively infer lake water pH", while Rosen et al. (2003) urge for "future research to concentrate on ...multiproxy... studies to further understand the relationship between the proxies and climate". Traditionally multi proxy study work involves several proxies being used independently to reconstruct an environmental variable. Many good examples of traditional multi proxy work are summarised in the recent, comprehensive review by Birks & Birks (2006) .
Here our aim is to develop an improved transferfunction methodology, with the novel approach of basing the transfer function, for the first time, on the simultaneous analysis of multigroups. We make use of data, including diatoms, chironomids and cysts, previously collected and harmonised as part of large multinational collaborations that involved specialists from Austria, Denmark, England, Finland, Norway, Scotland, Spain, Switzerland and Sweden. We hypothesized that environmental influence on the assemblage data could be better constrained if multiple groups were included in the training sets. To test this idea, we applied the new methodology to two independent mountain-lake datasets, one from the Pyrenees and one from the Central Eastern Alps. In these cold environments we had a particular interest in trying to reconstruct air temperature (which in geographically restricted regions is strongly related to altitude), but also in testing the method on a suite of water chemistry indicators ranging from those that are reasonably well determined by single group reconstructions, e.g., pH, to indicators such as CO 2 that previously have been poorly determined.
MATERIALS AND METHODS

Biological groups considered
The training sets were chosen as being representative of mountain lakes. Major advantages of the Pyrenean and Alpine lake districts were that the lakes had previously been widely studied; and in particular that state-of-the-art, multigroup, assemblage data already existed and that the training sets had already been used in one-group-at-a-time environmental reconstructions.
The taxonomic groups we focus on are (i) diatoms, (ii) chrysophytes and (iii) chironomids, as all are abundant, diverse and essential components of mountain lake biota. Diatom frustules, chrysophycean siliceous cysts, and chitinous larval heads of chironomids are well preserved in lake sediments. They have all been found to be good indicators of past environmental conditions. The selection and combination of these organisms could be expected to allow a holistic view of lake responses to environmental changes, because they represent and span the main habitats (plankton and benthos, littoral and profundal) and trophic levels (primary and secondary producers) found in mountain lakes.
Laboratory techniques
Standardised laboratory procedures were applied for cleaning, sorting and mounting the groups and for identifying the taxa present.
Diatoms and chrysophytes were cleaned using standard procedures (Battarbee 1986 ). Diatom slides were prepared for each sediment sample after digestion with hydrogen peroxide and mounted on slides using Naphrax © , the counting strategy followed the procedure suggested by Battarbee (1986) . The taxonomic criteria adopted in the AL:PE (Cameron et al. 1999) and SWAP (Stevenson et al. 1991) were followed.
For chrysophyte analysis surface sediment samples from the Pyrenees were treated with hydrogen peroxide (33% H 2 O 2 ) and some drops of HCl. The resulting siliceous slurries were mounted in Naphrax (R.I. = 1.7) following Battarbee (1986) . Cysts were identified by SEM and then counted under a light microscope. Details on counting, cyst numbering and all cyst descriptions can be found in Pla (2001) and Pla & Catalan (2005) and in . A minimum of 500 cysts were counted per sample. Identification of cysts followed Facher & Schmidt (1996) , Pla (2001) and . Chrysophyte cysts from the Alps were analysed using a scanning electron microscope (Jeol JSM-35) equipped with an image analyzing system (QUANTEL Crystal). We emphasise that as we never merge the two training sets, there is no problem of using somewhat different counting techniques in the two mountain regions Chironomid head capsules were obtained by sieving the sediment through a 90 µm screen after deflocculating with hot 10% KOH for 15 min. The head capsules were hand sorted from a Bolgorov tray with forceps under the magnification of a stereoscopic microscope. The capsules were then mounted in Euparal © media, after dehydration with absolute ethanol. Taxa were determined mainly following Wiederholm (1983) , Schmid (1993) and Rieradevall & Brooks (2001) .
Environmental variables
We restrict ourselves to testing our new multigroup approach on just five environmental variables namely pH, alkalinity, dissolved inorganic carbon (DIC), CO 2 and altitude. We wish to examine a reasonable number of variables that are likely to have significant and independent influences on the biological distributions (i.e., are likely to have causal relationships). But on the other hand we recognise that it is important to refrain from data-dredging, and over-exploiting post-hoc correlations and so we need to guard against any proliferation of associations. pH and alkalinity are chosen as two environmental variables which previously have been found to be good correlates (e.g., Cameron et al. 1999; Marchetto & Lami 1994; Marchetto & Schmidt 1992) . CO 2 is chosen as a chemically important variable which previously has not yielded good associations. DIC is chosen as an environmental variable with a more intermediate response, while altitude is used as an environmental variable which is likely to bring to light any climatic relationship.
Standard, well-tested measurement methods were used for the chemical variables. Details are provided in Catalan et al. (1993) and in Kamenik et al. (2001) .
Study areas
Pyrenees
The training set consisted of 83 lakes in the Central and Eastern Pyrenees (NE Spain) and was developed during many seasons of field work. The lakes were chosen from among the ca 500 in the area, to provide a broad range of altitude [1,615-2,590 m a.s.l. -this altitudinal range represents a mean annual air temperature change of ca 6 °C (Agustí-Panareda & Thompson 2002)], size (0.7-45.4 ha), maximum depth (1-80 m), bedrock (major chemistry) and trophic state. The parameter distribution for the lakes surveyed roughly reflects the distribution for the whole set of lakes in the area. Lake water-chemistry mainly reflects catchment bedrock (Catalan et al. 1993) . Catchment vegetation was generally poorly developed. Alpine meadows were almost always present and constitute the dominant vegetation in the catchments. Rhododendron ferrugineum, along with some sparse pines (Pinus uncinata), was common in the lower catchments. Catchments were specifically chosen to be glacier free. Counts of the diatom and chrysophyte assemblage preserved in the surface sediments were available at all 83 lakes. For 27 of these lakes chironomid counts were also available.
Alps -Niedere Tauern
We selected 45 lakes along an altitude gradient (1502-2309 m a.s.l.) which corresponds to a change in air-temperature of c. 4.6 °C (Agustí-Panareda & Thompson 2002 ). The lakes stretch from the sub-alpine forested belt up to the mid-alpine zone. They are located in the Central Eastern Alps (Niedere (Schladminger) Tauern; 47°13' -47°21' N, 13°36' -14°04' E (Kamenik & Schmidt 2005b) and were chosen to be as pristine as possible, while encompassing a wide spread of geographic settings, water chemistries and basin morphologies. The lakes ranged in area from 0.6 to 16.8 ha, and from 5.7 to 43.6 m maximum depth. Their catchments of predominantly crystalline bedrock, schists and metamorphic carbonates all lack glaciers. The oligo-to ultraoligotrophic lakes are not acidified. Their water chemistry is mainly determined by changes in bedrock, from silicate to carbonate minerals, affecting pH, alkalinity, conductivity, calcium and magnesium, and by trophic variables such as total phosphorus, dissolved organic carbon, potassium, total inorganic nitrogen and total dissolved reactive silica (Kamenik et al. 2001) . Counts of the diatom and chrysophyte assemblages were available at all 45 lakes.
Numerical methods
The multivariate method of weighted-averaging, partial, least-squares (WA-PLS) ter Braak & Juggins (1993) is one of the most popular numerical methods of inferring the past environment fossil remains. Weighted averaging is a particularly simple, yet often effective, method of ordination (ter Braak & Prentice 1988) . The essential operation is that a set of species weights are used to calculate scores for sites. PLS regression is a technique that generalizes and combines features from principal component analysis and multiple regression. Ter Braak & Juggins (1993) combined WA and PLS and showed how their new weighted averaging partial least squares regression technique was able to add additional regression components and improve the predictive power by utilizing the residual structure in the species data.
If we let x denote the environmental variable to be calibrated, with x i the values of the environmental variable in site i (e.g., lake i), and the n x m matrix Y = (y ij ) with y ij the abundance of taxon j in site i (i = 1 ... n sites and j = 1 ... m taxa), then in its first step PLS regression searches for a set of components that explain as much as possible of the covariance between x and Y. It is followed by a regression step where the decomposition is used to predict x. Our basic idea is to combine the multiple group data at the time of this regression step. Thus, first of all, weighted averaging is carried out separately for each species group, exactly as in conventional approaches. Next, at the regression step, the k groups (k = 1 … p) are combined in the WA-PLS (in exactly the same way as additional PLS components in a conventional WA-PLS analysis), and hence the regression decides on the relative importance given to each group. In this way the algorithm uses the data to decide on the best relative weightings between taxonomic groups. In short our new approach is a direct extension of the basic WA-PLS method, and involves only a small development to the R/Splus computing code employed by Thompson et al. (2005) .
The number of components is an essential ingredient of PLS. A good choice is the number that minimizes the prediction error as estimated by cross-validation methods (Wold et al. 1984; Martens & Naes 1989) . Here predicted value for observations that were not used in the computations for fitting the current model are used to compare the relative performance of different numbers of PLS components. The root mean square error of prediction (RMSEP) can be used to provide realistic estimates of relative performance and may be estimated by bootstrapping (Birks et al. 1990) or "leave-one-out" (ter Braak & Juggins 1993) . We employ the latter technique in this paper, and use it to assess both the number of PLS components and the number of species groups. The "leave-one-out" technique thus allows us to quantify any improvement of the new multigroup approach over and above the best procedures currently available.
Data and data manipulation
The power of the transfer function method is very dependent upon the quality of the calibration dataset. The data used in the project had been well checked and harmonised before being converted into our multigroup calibration dataset.
Much of the raw data is taken from data bases drawn up as part of major collaborative ventures such as the internationally based MOLAR, CHILL-10000 and EMERGE EU-projects. Details of the Pyrenean assemblage and environmental data bases can be found in Pla et al. (2003) and Pla & Catalan (2005) . Details of the Niedere Tauern data are set out in Kamenik et al. (2001) , Schmidt et al. (2004a, b) , and Kamenik & Schmidt (2005b) .
The data were examined for potential outliers, because these can strongly affect transfer function coefficients and may markedly decrease the predictive ability of inference models. Outliers were identified as samples having an absolute residual (observed -predicted) higher than the SD of the environmental variable of interest and a low influence on the model indicated by Cook's D (Cook's D <4/n), or as lakes with particularly unusual features (e.g., unusual water chemistry). For example, one outlier lake with very unusual water chemistry was removed from the Pyrenean group of 83 lakes to provide an 82-lake training set.
The standard weighted averaging procedure was used to estimate the optima of the dominant taxa (those that occurred in at least 2% relative abundance, in at least two lakes) for each species group, and then a multigroup inference model developed at the calibration step.
Selection of lakes within a training set can be a contentious issue. As training sets expand over time and as our focus is on testing the new multigroup approach we do not use precisely the same lake, and species, selection criteria as used in the original publication. Instead we use the maximum number of lakes available to us, while rigorously maintaining internal consistency, taxonomic quality, and by invoking the same restrained, formalised outlier and taxon removal scheme in the two geographical regions. We reemphasise that the aim of the present study is to test our multigroup approach NOT to find the training set, or sub-set, with the lowest possible prediction errors; consequently we purposely avoid protracted data-massaging and ad-hoc training-set optimization.
RESULTS
The range and basic statistics of each environmental variable used, in both of our geographic regions, are set out in table 1. The results of applying the weighted averaging procedures are summarised in tables 2 to 4 where the reconstruction skills of the various combinations of taxonomic groupings are compared. Use of a more complex model (involving two or three speciesgroups) as opposed to a simpler model (involving just one species-group) inevitably allows a better fit (in terms of residual sum of squares). However, the critical issue is not how well the model provides a description of the data, in terms of goodness of fit, but its parsimony in terms of modelling skill when using out-ofsample data. Here cross-validation provides a satisfactory measure of predictive skill. And so in all cases we report the root mean square error of prediction (RMSEP) as obtained using leave-one-out-at-a-time cross-validation. And so now, as expected, root mean square error of prediction both decreases and increases with model complexity and applicability.
Although the main statistic we selected as being the most informative when testing the multigroup approach Tab. 1. Range and basic statistics of each environmental variable. One pH unit means the proton concentration is 10 −1 moles per liter. PYR = Pyrenees; NT = Niedere-Tauern. is RMSEP it is worth mentioning at the outset that all other standard parameters, such as r 2 (the proportion of the variability that is accounted for by the statistical model) were exactly as expected. For example a high r 2 (0.73) of the observed vs. predicted values (when crossvalidated) was found for the diatom-pH association, while a low r 2 (0.001) was obtained for the diatom-CO 2 relationship, in our Pyrenean, 82-lake training-set.
While our prime interest is in whether our new methodology produces any improvement when using multiple groups, it is worth first looking at the results for individual groups. In general, our results are in good agreement with those from previous studies. In the Pyrenees diatoms produce the lowest RMSEP values for pH, alkalinity and dissolved inorganic carbon, DIC, while chrysophytes provide better predictive power for altitude (Tab. 2). In the Alps chrysophytes provide better predictive power for both pH and altitude (Tab. 3). Overall we found that the addition of a second PLS component improves the RMSEP in 60% of our 25 tested sets. We turn now to the question of improvement over and above the single-group results when using multiple groups. The biggest improvements in predictive ability are found in the Pyrenees for the diatom-chrysophytealtitude association (Tab. 2), and also for the diatomchrysophyte-chironomid altitude association (Tab. 4). Here RMSEP is reduced from 141 m to 131 m, and from 132 m to 120 m respectively. Small improvements are also found for the Pyrenean diatom-chrysophytealkalinity and diatom-chrysophyte-DIC associations (Tab. 2). The RMSEP comes down from 61.0 to 58.2 μeq L -1 and from 78.5 to 75.5 μeq L -1 respectively. Addition of a third PLS component decreased the skill in all cases.
Tab. 3. Niedere-Tauern training-set (41 lakes, 2 taxonomic groups). Units: as Turning to the multigroup results for the Alps (Tab. 3) we find no improvement in RMSEP for pH reconstruction and only a very minor improvement from, 193 to 191 m, for altitude (which cannot be regarded as significant).
In summary only minor improvements in cross validatory skill are found for certain of our environmental parameters. Indeed for a more complex PLS inference model to be truly useful it should lead to a significant drop in RMSEP. Assessing what is a significant drop is not easy. Birks (1998) uses a rule of thumb that a "useful" additional component is one that gives a reduction in prediction error of 5% or more in a PLS or WA-PLS model. Others suggest a permutation testing approach (e.g., van der Voet 1994). Given the dangers of overfitting PLS models we do not consider the small improvements in WAPLS component seen here, which amount to 9% (for the Pyrennean 82-lake and 26-lake altitude reconstructions), but on average only constitute 3% to be significant. Thus our test failed to discover any overall major improvement in transfer-function performance when using our new multigroup approach.
DISCUSSION
The new computer code for our weighted averaging PLS procedure was checked by running the code on the well-known 167 sample SWAP diatom-pH data-set from lowland and upland lakes (Birks et al. 1990) as analysed by Juggins (ter Braak & Juggins 1993) . Our code reproduces RMSEP to three significant figures (including all the changes in RMSEP as the number of PLS components is increased).
Previous studies in the Pyrenees, and in the Niedere Tauern, being based on single taxonomic groups were able to make use of a different selection of lakes and so were able to achieve slightly better RMSEP values (Pla & Catalan 2005; Schmidt et al. 2004a ) than obtained here. The precise choice of lakes and taxa included in the analysis can thus be seen to be of great importance. In this study we were especially careful to always use exactly the same lakes and taxa in our comparison of the multi-and single group methodologies, and to keep our methods of outlier detection and data-handling constant.
If significantly improved reconstruction skill could have been demonstrated in any of the training sets then it would have been worth trying the method out on stratigraphic fossil-assemblages in order to make improved reconstructions of past trends in water quality or climate.
What might be the reason why our multigroup analysis produced only minor improvements in environmental reconstructions? Our combination of taxonomic groupings puts together organisms with different life-forms and thus environmental responses, reaction times or sensitivities. In fact, the optimum estimation of species distributions throughout an environmental gradient is rooted in the assumption that phylogenetically related species segregate along it as a result of interspecific competition. The less phylogenetically related the species, the lower the competitive interaction. Therefore, while the appearance of one species interferes with the appearance of another species, within the same taxonomic group, in the same location, or niche, it has a more limited or null influence on the appearance of species of other taxonomic groups. In addition the way species segregate in the environment usually follow distinct factors for each principal taxonomic group. For example, it is well known that diatom species distribution is extremely sensitive to water pH; however, chironomids, although showing some response to pH for extreme cases, mainly follow other factors such as temperature, oxygen and substrate. Our hope had been that in such circumstances the use of multigroup assemblage data would allow any interaction, or confounding, effects which were obscuring the environmental reconstruction to be reduced. Perhaps for the environmental factors that we chose to investigate only a few taxa dominated the environmental gradient and so largely exceeded all the others in their predictive capacity. As a consequence the sensitivity of the weighted averaging to the environmental variables was not able to be improved upon even by the tools of our more elaborated statistics. As a result our multigroup approach was unable to perform much better than current practice allows.
On the other hand perhaps our chosen groups failed to satisfy the prerequisite that sufficient species within the groups were reacting significantly to the same common response variable. For example for the training sets from the Central Eastern Alps and Schmidt et al. (2004b) have previously noted that the different groups do not respond to exactly the same parameter. They found that chrysophytes respond strongly to the onset of spring mixing whereas, by contrast, diatoms show a strong response to the onset of autumn mixing. Thus both significantly react to temperature change but on different time scales and in different seasons.
Alternatively the problem could be that the main taxonomic groups segregate (or split) the species following similar environmental partitions. Consequently there is little interaction among the species of the main taxonomic groups. So once again our mathematical manipulations were only able to generate slight improvements in reconstruction skill.
A third possibility is that the problem, rather than lying on the right hand side of the calibration equation, as in our two suggestions above, lies on the left hand side; that is the problem could lie with the measurement of the environmental variables at the training sites. ter Braak (1987) set out this suggestion particularly cogently when he noted "It might be thought easier to measure environmental variables at a site than to infer their values from the species that occur there. But often it is not."
How might transfer function work be improved? If the problem with the multigroup work relates to different reaction times then one way to improve the prediction power of transfer functions might be to link environmental data directly with the time of accumulation, or blooming, or lifespan of organisms. The strong prediction power of planktonic organisms, such as chrysophyte cysts (Pla & Catalan 2005; Kamenik & Schmidt 2005b) , with shorter reaction times than benthic organisms may be a pointer to this direction (cf. discussion of the reaction times of benthic diatoms versus those of planktonic chrysophytes). If this is the case then greater use of sediment traps and data loggers (e.g., Kamenik & Schmidt 2005b ) may suggest a practical way forwards for environmental factors with a large seasonal fluctuation, such as water temperature. Finally a different mathematical way forwards might be to try to adapt the co-correspondence analysis approach (ter Braak & Schaffers 2004) to ordination, which relates one environmental data matrix to another data matrix, to address the problem of multigroup inference.
